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ABSTRACT

Microblogging provides a large volume of text for learning
and understanding people’s sentiments on a variety of top-
ics. Much of the current work on sentiment analysis of mi-
croblogs (e.g., tweets) focuses on document level polarity.
However, identifying sentiment clues with respect to specific
targets (e.g., named entities) can be more useful than pure
document polarity results. For example, sentiment clues
such as “must see”, “awesome”, “rate 5 stars” (in the movie
domain) are much more meaningful than the polarities of
tweets only. Previous attempts at single-word sentiment
clue extraction from formal text will not suffice for extract-
ing multi-word sentiment phrases. Single words “must” and
“see” do not separately convey polarity, but their combina-
tion “must see” expresses strong positive sentiment towards
a movie target. Another issue with identifying sentiment
clues is identifying informal sentiment expressions, such as
misspellings (“kool”), abbreviations (“wtf”) and slangs (“da
bomb”). In this paper, we propose an approach for automat-
ically extracting both single-word and multi-word sentiment
clues. Such clues can include both traditional and slang ex-
pressions. We also present a mechanism for assessing their
target-specific polarities from an unlabeled microblog cor-
pus. Our approach first leverages traditional and slang sub-
jective lexicons to generate candidate sentiment clues given
some specific target. It then incorporates inter-clue rela-
tions from corpora into an optimization model to estimate
the probability of a clue denoting positive/negative senti-
ment. Experiments using microblog data sets on two dif-
ferent domains — movie and person — show that the pro-
posed approach can effectively 1) extract single-word as well
as phrase sentiment clues, 2) identify both traditional and
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slang sentiment clues, and 3) determine their target-specific
polarities. We also demonstrate how the proposed approach
is superior in comparison with several baseline methods.

Categories and Subject Descriptors

H.3.3 [Information Search and Retrieval]: Information
filtering; 1.2.7 [Natural Language Processing]: Text anal-
ysis

General Terms
Algorithms, Experimentation

Keywords
Sentiment Extraction, Sentiment Analysis, Opinion Mining,
Optimization, Nonlinear programming

1. INTRODUCTION

Microblogging provides a convenient and instant way for
people to share their sentiments on various topics anytime
and anywhere. The ever growing microblogs offer a wealth
of data that can be used for learning and understanding peo-
ple’s sentiment. Automatic sentiment analytics is a require-
ment if we want to assess the pulse of any population around
any topic. There have been many studies [24-33] and appli-
cations! built on Twitter? to analyze sentiments in tweets.
However, most existing research are more concerned with
“What (is the sentiment polarity of a microblog?)” instead
of “Why (is a microblog having that sentiment polarity?).”
In other words, what are the sentiment clues causing the sen-
timent polarity? For example, considering users’ opinions on
the movie Transformers 3, besides reporting a relevant tweet
as positive, it would be more meaningful to provide senti-
ment clues, such as “must see”, “awesome”, “rate 5 stars”,
ete. We define a “sentiment clue” as a single word or
phrase that causes sentiment polarity on a target (i.e., user

!Such as TipTop(http://feeltiptop.com/),

Twitter Sentiment (http://twittersentiment.appspot.com/),
Tweetfeel (http://www.tweetfeel.com/),

Twitris (http://twitris.knoesis.org/), etc.
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specified topic) in the text. While sentiment clues are impor-
tant in understanding the polarity of text, their extraction
from microblogs is quite challenging. Consider the follow-
ing examples, in which we denote the target topic and the
on-target sentiment clues in boldface and italic, respectively.

1. Saw the movie Friends With Benefits. So pre-
dictable! 1T want my money back.

2. Alright enough of Taylor Swift. She is gud but I am
still not a fan.

3. The King’s Speech was bloody brilliant. Colin Firth
and Geoffrey Rush were fantastic!

The first observation is that a sentiment clue may not nec-
essarily be a single word. Phrases can convey sentiment.
Identifying which expression causes the sentiment is a hard
problem. In example 1, none of single words (“want, my,
money, back”) or parts of the expression (“want my, my
money, etc.”) alone causes the sentiment, however, the
phrase “want my money back” as a whole indicates negative
sentiment. Secondly, informal expressions like misspellings,
abbreviations and slangs, which are common in microblogs,
can be sentiment clues too. “gud” in example 2 is such a
case. Furthermore, sentiment clue extraction should be with
respect to the target of concern. On the one hand, the ex-
tracted sentiment clues should be on-target. As in example
3, since the target is The King’s Speech, “bloody bril-
liant” that refers to the target should be identified, while
“fantastic” should be ignored because it acts on a different
topic. On the other hand, the polarity assigned to the clue
should be target-specific. For example, “predictable” could
indicate positive sentiment with respect to stocks (e.g., the
predictable stock to own for the long term), however, in ex-
ample 1, it should be assigned a negative polarity referring
to its target — movie Friends With Benefits.

The difficulties of sentiment clue extraction are well under-
stood in the community, and many attempts have been un-
dertaken across various types of documents. Some of these
include reviews [3,5-7,9,12-17], news articles [2,4, 8, 18-
20], blog posts [21] and general web documents [10,11, 22].
Most previous research attempt to extract single-word sen-
timent clues and lack support for identification of sentiment
phrases. Moreover, since informal language usage is not an
issue for these datasets, little attention has been given to
identification of slang sentiment clues. In our approach, we
extract single-word and phrase-level sentiment clues, tradi-
tional and slang sentiment clues, and assess their target-
specific polarities from microblogs.

Our approach consists of two main steps. In the first step,
a large set of candidate sentiment clues is obtained. Based
on the assumption that any sentiment clue contains at least
one subjective word, a comprehensive subjective lexicon is
constructed by collecting subjective words from both tradi-
tional (e.g., MPQA?®) and slang (e.g., Urban Dictionary?)
lexical resources. On-target subjective words in microblogs
are spotted using this lexicon, and candidate sentiment clues
containing at least one such word are added to the candi-
date set. In the following step, sentiment clues are identi-
fied from the candidate set and their polarities are assessed.
Since the polarities of subjective words in the lexicons may

be different for different topics, we do not apply the polar-
ities inherited from lexicon resources directly. Instead, we
apply an optimization model to estimate polarity probabili-
ties of candidate clues according to their inter-clue relations
(discussed in Section 3.2.1) in the corpus.

To validate the performance of our approach, we conduct ex-
periments on microblog data sets from Twitter on two differ-
ent domains — movie and person. The data sets contain 168K
microblogs talking about movies, and 258K microblogs talk-
ing about persons. The results show that our approach can
effectively extract single sentiment words as well as multi-
word sentiment phrases, identify both traditional and slang
sentiment clues and determine their target-specific polari-
ties. To quantitatively measure our approach, we compare
it with several baselines. In both tasks of sentiment clue
extraction and sentiment classification of microblogs using
the extracted clues, our approach outperforms the baseline
methods. And with the increasing sizes of corpora, the ad-
vantage of our approach is more prominent.

The remainder of the paper is organized as follows. We dis-
cuss the related work in Section 2. In Section 3, we present
our approach. The experiments and results are described in
Section 4, followed by conclusion and future work in Sec-
tion 5.

2. RELATED WORK

Sentiment analysis is one of the most popular topics of inves-
tigation. The authors of [1] present a survey which covers a
broad range of issues and provides an in-depth review of the
techniques and approaches in this area. Here, we focus on
literature that is relevant to our task, including word/phrase
level sentiment clue extraction, and sentiment analysis of
microblogs.

2.1 Sentiment Clue Extraction

Extraction of sentiment clues has been explored in many
studies, either as the main task (e.g., lexicon construction)
or as a subtask of sentence or document level sentiment anal-
ysis. Research in [2-7,10-17,19] are some examples of efforts
made in this area. Extracting single-word sentiment clues
and assessing their polarities have been broadly supported,
and here we are more concerned with the following two is-
sues: (1) dealing with multi-word sentiment phrases, and
(2) identifying slang clues.

Relatively fewer efforts have focused on the task of extract-
ing phrase-level sentiment clues. Turney [3] manually defines
a few part-of-speech (POS) patterns of two-word phrases
(e.g., "JJ JJ” refers to two consecutive adjectives) to extract

sentiment phrases, and estimates polarities of extracted phrases

using point-wise mutual information by querying a search
engine. Some studies [14-16] identify the boundaries of
multi-word phrases through syntactic parsing, and the po-
larity of a whole phrase relies on that of its component words
from a predefined sentiment lexicon in a pattern based man-
ner. The work in [8] also employs a sentiment lexicon of
words with given polarities and applies a supervised method

Shttp://www.cs.pitt.edu/mpqa,/
“http://www.urbandictionary.com/



to identify contextual polarity of manually annotated sen-
timent phrases. Our approach is different from the above
mentioned approaches in the following ways. We learn the
target-specific polarity of sentiment clues from the corpus
and do not depend on the generic prior polarity of words
from a sentiment lexicon. In addition, we do not reply on
POS tagging and syntactic parsing to identify the boundary
of a phrase, because such approach is less effective in in-
formal language context (e.g., microblogs). Our treatment
of phrases is similar to [10] in that we also extract n-grams
as candidates. However, we extract sentiment clues with
respect to a specific target, and assess their target-specific
polarities, while the target of sentiment is not a concern for
the work in [10].

Some studies explore the issue of identifying slang expres-
sions. For example, the work in [10] extracts sentiment
phrases without using language-dependent resources such as
POS tagging or WordNet, thus, the results are not limited
to expressions of specific classes (e.g., an adjective occurring
in Wordnet), but can contain formal expressions as well as
slang, misspellings, etc. The work in [23] uses a sentiment
lexicon which is built upon Urban Dictionary to identify
sentiment words (especially informal words, such as slang)
from user comments. We also exploit Urban Dictionary for
identifying candidate slang clues. However, the polarity of
each clue is not determined by polarities of related words
from Urban Dictionary. Instead we apply an optimization
model which leverages the information implicit in the corpus
to estimate target-specific polarities of clues. Moreover, the
previous approaches do not take target into consideration.

2.2 Sentiment Analysis of Microblogs

To the best of our knowledge, extraction of sentiment clues
have not been studied on microblogs. Studies in [24]- [33]
follow the supervised approach for document level senti-
ment classification of microblogs. Besides manual annota-
tion, most work in the literature use different ways to obtain
training data. For example, the work in [25] obtains labeled
data from a few sentiment detection websites over Twitter.
The work in [29-32] leverage the hashtags and emoticons in
microblog messages for building training data. The work
in [33], the authors first use a lexicon-based method to per-
form sentiment classification with high precision and then
a supervised classifier is applied to improve the recall us-
ing the training examples provided by the previous lexicon-
based approach. The work in [24] takes the sentiment target
into consideration, and classifies tweets according to whether
they contain positive, negative or neutral sentiments about
a given target. While the above supervised techniques fo-
cus on the question: “what is the sentiment polarity of a
tweet”, our unsupervised approach tries to answer the ques-
tion: “what are the sentiment clues causing the polarities?”.

3. THE PROPOSED APPROACH

Let A be a collection of microblogs with respect to target 7.
Without loss of generality, T' can be an individual topic or
a set of topics of the same type in domain of interest (e.g.,
T can be a specific restaurant/movie, or a set of restau-
rants/movies). We consider T as a topic or a group of top-
ics in the same domain so that the extracted clue can be
assigned a fixed polarity with respect to the topic or all
topics of T'. It is widely recognized that the sentiments ex-

pressed by words/phrases are domain dependent, for exam-
ple, “predictable” is negative in the movie domain while it
is positive in finance and economics domain. Spotting the
target mentioned in text is not the focus of this paper; so we
assume that the targets have been marked in the microblogs
of the corpus A. Our objective is to extract sentiment clues
which cause the positive or negative sentiments on target
T in microblogs from A, and assign each extracted clue its
target-specific polarity (i.e., positive or negative).

To solve this problem, the proposed approach includes two
main steps. In the first step, candidate sentiment clues are
collected from A (refer to Section 3.1 ). In the second step,
sentiment clues are identified from these candidates and each
of them is assigned its polarity (refer to Section 3.2). As we
discussed earlier, the key difficulties encountered include:
(1) identifying the on-target clues, (2) dealing with multi-
word phrases, (3) dealing with informal expressions, (4) as-
sessing the target-specific polarity of the clues. Our ap-
proach leverages traditional and slang lexical resources as
well as local and global information from corpora to handle
these issues.

3.1 Extraction of Candidate Sentiment Clues
One widely adopted approach to narrow down the number
of candidate clues is to select words/phrases belonging to
a certain pattern, e.g., adjectives or an adjective followed
by a noun. However, this approach is less effective in deal-
ing with microblogs, in which the informal nature of sen-
tence construction poses considerable difficulties for POS
taggers. Moreover, there are diverse forms of expressions in
microblogs, which cannot be fully captured by a few prede-
fined patterns.

Our approach is not restricted to words/phrases with any
specific part-of-speech patterns (e.g., adjective), because we
do not want to miss out high recall in the case of any POS
errors. Alternatively, we list all n-grams (up to length five)
which contain at least one subjective word as candidates.
The intuition behind the approach is that a sentiment clue
usually contains at least one subjective® word, e.g., “want”
in “want my money back”, and “must” in “must see”. The
reason to list all n-grams is to generate as many candidates
as possible, to increase the recall, and leave the job of select-
ing true sentiment clues to the optimization algorithm (refer
to Section 3.2). It’s worthwhile to mention that the purpose
of applying subjective lexicons is to reduce the search space
of candidate clues. In fact, we do not rely on the polarity
from existing lexicons to infer target-specific polarity. In
Section 3.1.1, we discuss how we exploit existing lexical re-
sources to build a comprehensive subjective lexicon, which
is then used to generate candidate n-gram clues described
in Section 3.1.2.

3.1.1 Subjective Lexicon Construction

The task here is to build a comprehensive subjective lexicon
containing both traditional and slang words. A subjective
lezicon L is a dictionary of subjective words, in which each
subjective word is assigned the polarity (i.e., positive or neg-
ative in the binary case) it expresses in a general sense.

S“subjective” is the opposite of “objective,” and sentiment
expressions are always “subjective.”



Many lexical resources can be used for building L. One such
resource is SentiWordNet®, in which each synset of Word-
Net is assigned three sentiment scores: PosScore, NegScore
and ObjScore according to its positivity, negativity and ob-
jectivity. We also use the MPQA subjective lexicon, which
contains 8221 subjective words, each assigned a prior polar-
ity. Another resource incorporated is the General Inquirer”,
from which we only use the 1915 positive words from the
Positiv category and 2291 negative words from the Negativ
category.

While the above mentioned resources provide a wealth of
traditional subjective words, they are not sufficient for deal-
ing with social content like microblogs in which slang ex-
pressions are very common. Hence it is necessary for L to
incorporate slang subjective words. Urban Dictionary (UD)
is a popular online slang dictionary with definitions written
and voted by users. In addition to the glossary definitions,
each word defined in this dictionary is associated with a list
of related words to interpret the word itself. For example,
the word “rockin” has the following related words in UD:
“awesome, cool, sweet, rock, rocking, amazing, hot, etc.”.
However, UD does not specify the subjectivity or polarity
of each word. To obtain subjective slangs and assess their
polarities from UD, we have designed an algorithm using
only a small set of seed sentiment words. These seed words
along with their polarities were manually identified and re-
garded as target independent (i.e., the polarity of each word
is fixed). For example, the word “excellent” is contained in
the seed set since it is always positive no matter what the
target is. This seed set is denoted as S. The algorithm starts
by putting all words of the seed set S into a query set Q.

For a word w in the query set @, the algorithm queries UD to
obtain the list of related words for w. The first ten related
words in the list along with the word w itself are treated
as a “document.” A frequency matrix is created to record
the count of the co-occurrence of any pair of words in any
document. This matrix is updated with every new obtained
document. For example, assuming a new document d is ob-
tained for the word (w = rockin), where d = {rockin, awe-
some, cool, sweet, rock, rocking, amazing, hot, ...}, then for
each pair of words contained in d, add 1 to its correspond-
ing element in the frequency matrix. The word (“rockin”)
is removed from the query set, and all its related words in
that document which have never been added to the query
set are added to the query set. This process continues until
the query set becomes empty.

As the next step, the polarity of each word in the frequency
matrix is determined and the subjective words are selected.
The general idea is that a word is positive/negative if it is
strongly associated with positive/negative words. Here the
strength of association between two words is measured by
the frequency with which they co-occur according to the in-
formation in the frequency matrix. For each word in the
matrix, select the five subjective words (according to Senti-
WordNet, MPQA and GI) which most frequently co-occur
with it. If more than three out of five associated words are
positive or negative, the word is positive or negative. For

Shttp://sentiwordnet.isti.cnr.it/
"http://www.wjh.harvard.edu/ inquirer/

example, according to this algorithm, the strongest associ-
ated subjective words for “rockin” are “amazing, sexry, sweet,
great, awesome”. All of these words are positive according
to the lexical resources. Hence the word “rockin” is identi-
fied as positive and added to subjective lexicon L. Using
this algorithm, a total of 3521 slang words were identified as
subjective words from UD. Together with words from Senti-
WordNet®, MPQA and GI, the subjective lexicon L contains
13606 words, in which 4315 words are positive, 8721 words
are negative, and the remained are annotated as neutral.
Note that the polarity information in L is not used for gen-
eration of candidate sentiment clues, but will be used as a
different way to initialize input values for the optimization
algorithm for comparison purpose in Section 4.

3.1.2 Candidate Sentiment Clue Generation

Our goal in this step is to extract all the candidate sentiment
clues with respect to target T from corpus A. Our idea is
to first identify an on-target root word, based on which we
generate candidate clues. A root word has to satisfy the fol-
lowing two conditions: a) it is a subjective word according
to the subjective lexicon L. b) it acts on target T. For each
microblog in A, we use SentParBreaker® to do the sentence
splitting and parse each sentence using Stanford Parser'®
to get the typed dependencies between words. After stem-
ming!!, we spot all the subjective words in the microblogs
of A based on the subjective lexicon L. The dependency
relation between a subjective word and the target T is used
as one way to judge whether the word acts on target 7. Un-
like many other studies, which limit dependency relations to
some specific types (e.g., mod for modifier), we relax depen-
dency relations to any type of dependency to avoid missing
proper candidates due to informal language usage. We also
use proximity to determine whether a word is on-target to
improve robustness in recognizing subjective words associ-
ated with a target. In other words, a subjective word which
is near to the target (within four words distance) can also
be selected.

All n-grams up to length five which contain a root word are
extracted as the candidate clues. A candidate clue will be
removed if its first or last word is a stop word (e.g., “love it”
is removed because “it” is a stop word). However, if a stop
word only occurs in the middle of a clue, we choose to keep
the clue (e.g., “want my money back” will not be removed,
although “my” is a stop word). In addition, candidate clues
containing a conjunction (e.g., “predictable and boring”) or
punctuation will be removed too. These removed candidates
are actually redundant, e.g., “is a must see” is not necessary
since there is “must see”, and “predictable and boring” can
be covered by “predictable” and “boring”.

3.2 Assessment of Polarity Probability
After generating candidate sentiment clues, the problem be-
comes identifying the sentiment clues which cause positive

SWe only use the words with the PosScore or NegScore
higher than 0.75, or the difference between PosScore and
NegScore higher than 0.50 from SentiWordNet.

“http:/ /text0.mib.man.ac.uk:8080/scottpiao/sent_detector
http://nlp.stanford.edu/software/lex-parser.shtml
"WordnetStemmer (http://projects.csail.mit.edu/jwi/api/

edu/mit/jwi/morph/WordnetStemmer.html) is used to get

the stems of words.



or negative sentiment with respect to target 1" in corpus
A. We propose to transform this problem into the prob-
lem of estimating its polarity (positive/negative) probabil-
ities. The main idea is that a positive/negative sentiment
clue will have high positive/negative probability. If there
is not much difference between the positive and negative
probability of a candidate, the candidate tends to be neu-
tral or objective. We are concerned only with positive and
negative clues and do not consider the case of identifying
neutral expressions. Formally, for each candidate clue c;,
we define its positive probability PrP°®(c;) as the probability
that c¢; indicates positive sentiment, and its negative proba-
bility Pr™°?(c;) as the probability that ¢; indicates negative
sentiment. Both positive and negative probabilities can be
termed polarity probability. To model the intuition that
the more likely ¢; is positive/negative, the less likely it is
negative/positive, we assume:

PrP%(¢;) + Pr*9(c;) =1 (1)

For example, a candidate with positive probability of 0.9,
and negative probability of 0.1 is highly likely to be a pos-
itive clue (i.e. express positive sentiment). A candidate
having its positive and negative probability as 0.45 and 0.55
respectively tends to be neutral or objective and should be
filtered out.

As discussed in Section 1, the assessed polarity probability of
each clue should be target-specific. This assessment cannot
rely on any general language resources (e.g., general senti-

ment lexicons). We propose to learn consistency /inconsistency

relations between clues (i.e., inter-clue relations) from the
corpus, and use this information as input for an optimiza-
tion model to predict polarity probability of each candidate
clue. Because the candidate clues are on-target, and the
assessment of their polarity probabilities are based on their
relations in the corpus, we are able to predict their target-
specific polarities using this approach. In Section 3.2.1, we
describe how we extract inter-clue relations from corpus A,
and discuss the optimization model to predict the polarity
probability for each candidate clue as shown in Section 3.2.2.

3.2.1 Inter-Clue Relation Extraction

We exploit two types of inter-clue relations: consistency re-
lation and inconsistency relation, denoting whether the sen-
timents of two clues are consistent or inconsistent in the
context with each other. Formally, We use consistency net-
work N°°™*(P, R°°"*) to model consistency relations, where
P is a set of clue pairs, and R°°"™* is a set of weighted edges
connecting each pair of clues. The weight of the edge in
R°"™® is the frequency that two clues of the pair appear as
consistent sentiment clues in A. In a similar manner, we
define inconsistency network N™°™ (P, R™e"*).

For each pair of two adjacent clues ¢; and ¢; in one mi-
croblog, they are identified as expressing inconsistent sen-
timent if (1) ¢; is a part of ¢; (but not equal to ¢;), and
c; starts with a negation expression and ends with ¢;, or
(2) ¢; appears before c¢; (without overlap between them),
where there is no extra'? negation applied to ¢; or ¢;, and
they are connected by contrasting conjunctions (e.g., but,
though, although, nevertheless, etc.) The algorithm uses a
list of negation and contrasting expressions for this task. On
the other hand, a pair of two adjacent clues ¢; and c; are

identified as expressing consistent sentiment if ¢; appears
before ¢; (without overlap between them), where there is
no extra negation applied to ¢; or ¢; and no contrasting
conjunction connecting them. Note that only the relations
of two adjacent clues (i.e., there is no other clues between
them) are considered in the algorithm, since the relations of
two clues are too vague to be confirmed if there are other
clues between them.

For example, in the microblog “Alright enough of Taylor
Swift. She is gud but I am still not a fan.”, “fan” and “not
a fan” have a inconsistency relation according to rule (1),
and “gud” and “not a fan” share a inconsistency relation
according to rule (2). While “predictable” and “want my
money back’ share a consistency relation in the microblog
“Saw the movie Friends With Benefits. So predictable! 1
want my money back.”

In the above described manner, the algorithm extracts all
consistency and inconsistency relations from A. Network
N°°"™ is generated by connecting each pair of candidate
clues with a weighted edge, of which the weight is the num-
ber of consistency relations between the pair of clues. If
there is no consistency relation between two clues, their edge
has weight 0. Network N"°°"* can be built in the similar
way.

The reader must note that the consistency and inconsistency
relations suggest the relations of target specific polarities be-
tween candidate clues. Based on these relations, we are able
to estimate the target specific polarity of each clue. In the
previous example, “predictable” and “want my money back”
share a consistency relation with respect to a movie tar-
get. This relation suggests that “predictable” should have
the same polarity as “want my money back”, i.e., both of
them are negative. With a different target such as a given
stock, “predictable” is likely to have consistency relations
with positive expressions. An optimization model is con-
structed based on this target specific information to estimate
the polarity probability of each clue.

3.2.2 An Optimization Model

We formulate the problem of assigning positive probability
Pr?°®(¢;) and/or negative probability Pr™®?(¢;) to a candi-
date clue ¢; as an optimization problem, in which we obtain
optimal positive/negative probability by minimizing an ob-
jective function. We first describe the objective function and
then identify true positive/negative clues based on estimated
positive/negative probability.

Given a pair of sentiment clues ¢; and c;, we define their
consistency probability Pr¢°™*(c;,c;) as the probability that
¢; and ¢; have the consistent sentiment (both positive or
both negative). Based on the assumption of independence
between events that c¢; and ¢; on being positive or negative,
we get

Preo™ (c;,¢c;) = PrP? (c;) PrP%(c;) +
Pr™9(c;) Pr*9(c;) (2)

incons(

Similarly, their inconsistency probability Pr ci,cj) is

12The “extra” means the negation is not a part of cjorc;. It
rules out the relation between “gud” and “fan”.



defined as the probability that ¢; and ¢; indicate inconsistent
sentiment (one being positive and the other being negative):

Princons (Ci7 Cj) — PTPOS (Ci)PT’neg (Cj) +
Pr™ed (Ci)PTpos (Cj) (3)

A consistency relation between two clues ¢; and ¢; suggests
that ¢; and c¢; have consistent polarity, i.e. the expectation of
their consistency probability is 1.0. The difference between
the consistency probability and its expectation can be mea-
sured by squared error: (1.0 — Pr¢°™*(c;,c;))?. Similarly,
for an inconsistency relation, the corresponding difference is
measured using (1.0 — Pri"°™s(¢;, ¢;))?. The sum of differ-
ences for all the relations in two networks can be obtained
by the sum of squared errors (SSE)*?:

n—1 n
SSE = wi™ (1.0 — Preo™ (ei, ¢5))? +
j
i=1 j>i

winsonS(l.O _ Princons (Ch Cj))2 ) (4)

ij
i f?wns are the weights of edges between
c; and ¢; in N°™ and N°°"*  respectively, and n is the
total number of candidate clues. Note that the squared er-
ror (instead of absolute error) is employed so that the two
kinds of relations cannot cancel each other. After substitut-
ing consistency and inconsistency probabilities in equation 4
from equations 2 and 3, we get the objective function:

where w and w

n—1 n
SSE=3 3 (wi™ (-
i=1 j>i
(Pro*s(c:) Proos (c;) + Pro?(c;) Pr**? (c,)))® +

incons
(L=

(PrP%®(ci) Pr*®(c;) + Pr™®(c;) PrP®® (Cj)))2 ) (5)

w

The estimated optimal positive and negative probabilities
should be able to minimize the above objective function, so
that the corresponding consistency and inconsistency prob-
abilities will be closest to their expectations suggested by
the networks. We represent the negative probability of ¢;
as 1 — PrP°*(¢;) ' in equation 5. To make the objective
function more clear, we abbreviate PrP°°(c;) and PrP°%(c;)
to x; and x;. Finally, we get the constrained optimization
problem:

n—1 n
minimize Z Z( wiy™ (x4 x5 — 2w515)% +
i=1 j>i
wir " (1 — @i — xj + 2wiw;)* )} (6)
subject to,
0<z <1, for i=1--",n

We collected a set of seed words in Section 3.1.1. Since their
polarities do not change for most topics (e.g., “excellent”),
there is no need to learn these polarities from corpus. In-
stead, we use these polarities as input to the optimization
model. The positive probability of a positive seed word is
1.0, and the positive probability of a negative seed word is
0.0.

13Note that the relations are symmetric, so j is limited to
J > 1 to avoid duplication.

1 According to equation 1

To solve this minimization problem with simple bounds, we
choose to use L-BFGS-B'® algorithm. This algorithm is
based on the gradient projection method [34] to determine
a set of active constraints at each iteration, and uses a lim-
ited memory BFGS matrix to approximate the Hessian of
the objective function. It was shown in [35] that L-BFGS-B
takes advantage of the form of the limited memory approx-
imation to implement the algorithm efficiently. The initial
guess for the parameters (the positive probabilities of clues)
are needed as the input of L-BFGS-B algorithm, two ways of
initializing the parameters are implemented and compared
(see Section 4).

As a result of solving the minimization problem, we get the
positive and negative probabilities of each candidate clue.
Only those with high positive/negative probabilities are se-
lected as positive/negative clues. Specifically, clues with
positive/negative probability higher than threshold 7 are
identified as positive/negative clues. We use 7 = 0.6 in this
work, other clues falling below the threshold are removed
as noise. However, there might still be some noise among
high polarity probability clues, the main reason being that
the assessment of the polarity probability of some clues is
based on sparse data. In the extreme case, a candidate,
which only appears once in the corpus and happens to be
represented as consistent with a positive clue, could be as-
signed a high positive probability. Such cases occur more
often on long phrases due to their rare occurrence. For deal-
ing with this problem, we use another score to measure the
confidence of the estimation. For each extracted clue c;, the
score is calculated as: € = %, where df(c;) is
document frequency (the number of microblogs containing
¢i), and Nyords(c;) is the number of words it contains. ¢; is
removed from the result if its ¢ is less than threshold 0. We
set ¢ = 0.6 in this work.

4. EXPERIMENTS

We now describe experiments validating the performance of
our approach. Section 4.1 describes the experimental setup.
In Section 4.2, we examine the quality of extracted sen-
timent clues by our algorithm in comparison with several
baseline methods, and then demonstrate that the outcome of
sentiment clue extraction can benefit other sentiment anal-
ysis applications, such as sentiment classification. We also
conduct experiments to investigate the performance of our
approach and other baselines with various sizes of corpora
in Section 4.3.

4.1 Experimental Setup

We use two collections of microblogs (tweets) from Twitter:
one contains 168,005 tweets about movies (movie domain),
and the other contains 258,655 tweets about persons (person
domain). Each tweet of the two collections contains either
a movie or a person as the target.

Gold Standard: Since it is too costly to create the gold
standard using all 426, 660 tweets from two collections, we
created gold standard using 1500 tweets randomly sampled
from the collection for each domain (totally 3000 tweets for
both domains). The 3000 tweets were given to two groups of

Bhttp://www.mini.pw.edu.pl/~mkobos/programs/Ibfgsb_
wrapper/index.html



Table 1: Distribution of Sentiment Clues

Clue Length 1 2 3 4 5 >5 Total

Movie Domain

# of Positive Clues | 103 | 42 | 15| 8 | 5| 4 177

# of Negative Clues | 59 | 18 | 16 [ 11 | 9| 5 118

Person Domain

# of Positive Clues | 142 | 34 |11 | 5 | 2| O 194

# of Negative Clues | 56 | 14 | 9 | 0 [ 2| 1 82

Table 2: Distribution of Sentiment Categories

Category Pos. Neg. Neut. Obj. Total

Movie Domain

| #oftweets |[420 | 96 | 36 | 948 | 1500 |
Person Domain
| #oftweets [ 202 ] 105 | 7 1096 ] 1500 |

human annotators, and each group consists of three annota-
tors. One group of annotators identified the positive and the
negative sentiment clues which express sentiment towards
the specified target from each tweet. The other group of
annotators labeled each tweet as positive, negative, neutral
and objective according to the overall sentiment toward the
target.

We selected sentiment clues which are agreed by at least two
annotators, and get 295 and 276 clues in movie and person
domains, respectively. Table 1 shows the distribution of pos-
itive/negative clues. The percentages of multi-word phrases
among all clues are 45.1% (1— 22559} in movie domain and

1774118
28.3% (1— }giigg) in person domain, which underscores the
importance of extracting sentiment phrases. We also get the
1500 tweets for each domain labelled with their sentiment
categories. Table 2 illustrates the distribution of tweets be-

longing to different sentiment categories.

Baseline Methods: Our method is to extract sentiment
clues with respect to specific target from unlabeled corpus.
Under this setting, the following baselines were chosen for
comparison:

MPQA: For each extracted root (on-topic sentiment word,
see Section 3.1.2), simply look up its polarity (or its stem’s
polarity if the word itself is not in the lexicon) in the general-
purpose subjective lexicon MPQA.

GI: In the same manner as MPQA, but here the General
Inquirer is used instead of MPQA.

SWN: In the same manner as MPQA, but here the Senti-
WordNet is used instead of MPQA.

PROP: The propagation method is described in [5] . Start-
ing with some seed sentiment words (here we apply the same
seed set used in our algorithm), this method extracts new
sentiment words and sentiment targets (topics or features)
through a double propagation process. It uses a set of ex-
traction rules based on different relations between sentiment
words and targets, and also sentiment words and targets
themselves. In our setting, sentiment targets have been

specified, so we adapt the method to extract only sentiment
words. In addition, the original method only concerns adjec-
tives, so we extend it to extract adjectives, verbs, adverbs
and nouns by relaxing the constraints of extraction rules,
because these types of words are considered as sentiment
carriers and supported by other methods in comparison.

Prior approaches which support phrases extraction [3,10,14—
16] either lack consideration of target (e.g., [3,10]) or need
extra effort to develop patterns (e.g., [14-16]). Thus, we do
not employ them here.

Our method is represented as "COM?” (Constrained Opti-
mization Model). As we mentioned before, we initialize the
positive probabilities of candidate clues (the input of the L-
BFGS-B algorithm) in two ways:

COM-const: assign constant 0.5 to all candidate clues as
their initial positive probabilities.

COM-gelex: The initial positive probability of each can-
didate clue is set to 1.0/0.0 if the clue is positve/negative
regarding the subjective lexicon L, otherwise 0.5.

Evaluation Measurement: we measure the quality of ex-
tracted sentiment clues using precision, recall and F-measure.

.. Nagree
precision = —
N'r‘esult

Neover

recall = —
Ngold

2 X precision X recall

F — measure —
precision + recall

where Nggree is the number of extracted clues which are
consistent with the gold standard, Nyesyit is the number of
extracted clues, Ncover is the number of clues in the gold
standard which are consistent with the extraction result,
and Ngoiq is the number of clues in gold standard. Whether
a clue is agreed or not is decided using “contain rule”, thus,
positive clue ”good” is consistent with positive clue "pretty
good” or vice versa. We also deal with the negation, thus,
positive clue ”good” is consistent with negative clue "not
good” or vice versa. Since the baseline methods only ex-
tract single words, using ”contain rule” is a fair way to mea-
sure and compare between those baselines and the proposed
method. Note that Nggree and Neover may not be equal,
since there could be multiple extracted clues consistent with
one clue in gold standard, or multiple clues in gold standard
consistent with one clue in the extraction result.

4.2 Quality of the Extracted Sentiment Clues

Table 3 shows the precision, recall and F-measure on evalu-
ating 1,500 tweets of gold standard for both movie and per-
son domains. We can see that both versions of our method,
COM-const and COM-gelex, outperform the baseline meth-
ods in both domains. To be more specific, our best F-
measure in movie domain is 8%-21% higher than that of
baselines, and in person domain, our best F-measure is 8%-
25% higher than that of baselines. In both domains, the
highest precision is achieved by COM-const, the highest
recall is achieved by COM-gelex, and the two highest F-
measures are achieved by both of our methods. Among all
of the three lexicon-based methods (MPQA, GI and SWN),
MPQA provides the best result, however, its precision is



Table 3: Results of Sentiment Clue Extraction

Method Precision Recall F-measure

Movie Domain

MPQA 0.3542 0.5136 0.4193

GI 0.3318 0.4320 0.3753

SWN 0.2876 0.4898 0.3624

PROP 0.4742 0.5034 0.4884

COM-const 0.6433 0.5170 0.5733

COM-gelex 0.5164 0.5578 0.5363
Person Domain

MPQA 0.3523 0.4746 0.4045

GI 0.2949 0.4058 0.3416

SWN 0.2161 0.3659 0.2718

PROP 0.5352 0.3696 0.4372

COM-const 0.5879 0.4710 0.5230

COM-gelex 0.4599 0.5507 0.5012

relatively low. The PROP method performs quite well in
terms of precision, but it suffers from low recall, especially
in person domain.

Compared with the lexicon-based methods, our method can
get significantly higher precision for sentiment clue extrac-
tion. This indicates that the sentiment of many clues are
target-specific, which can be captured by our method. The
lexicon-based methods do not use the information in the
corpus and they cannot handle the target-specific polarity
of clues. Compared with the PROP method, which applies
syntactic relation rules to extract clues and determine their
polarities, our method can get much higher recall. One rea-
son could be that the informal language usage in microblogs
brings much difficulty to syntactic parsing, and depending
on the parsing results, it likely results in missing many sen-
timent clues. Our method reduces the dependence on the
language parsing by using subjective lexicon.

In many sentiment analysis applications, the extracted clues
are used for the task of sentiment classification. Thus, we
also apply the sentiment clues extracted by different meth-
ods for sentiment classification of microblogs, as another way
of evaluation. To classify the microblogs as positive, nega-
tive, neutral or objective, we follow an unsupervised method
using the set of extracted clues collected previously. For each
microblog, we identify the clues in the set as features. Since
we only concern ourselves with the sentiment towards the
specified target, those features which do not contain any on-
target word are removed. We use the method described in
Section 3.1.2 (i.e., using typed dependencies and proximity)
to determine whether a word acts on the target. In addition,
we remove features which are parts of other features, e.g.,
”good” is removed if "not good” is also a feature (Note that
because the baseline methods only have single word features,
they are not affected). We also deal with negation for the
baseline methods because they cannot handle it directly. In
this manner, we get the features (sentiment clues) of the
microblog, and each feature is assigned a score (i.e., 1 for
positive feature and —1 for negative feature). The scores

Table 4: Results of Microblog Sentiment Classification Using
the Extracted Clues

Method Precision  Recall F-measure

Mowvie Domain

MPQA 0.6566 0.5507 0.5990

GI 0.6381 0.4982 0.5595

SWN 0.5266 0.5018 0.5139

PROP 0.7677 0.5507 0.6413

COM-const 0.8015 0.5851 0.6764

COM-gelex 0.7164 0.5905 0.6474
Person Domain

MPQA 0.5250 0.3639 0.4299

GI 0.4419 0.3292 0.3773

SWN 0.2979 0.3119 0.3047

PROP 0.5371 0.3045 0.3887

COM-const 0.6351 0.3317 0.4358

COM-gelex 0.5925 0.3886 0.4694

of all the features are added together to get the sentiment
polarity of the microblog (i.e., positive with the sum > 0,
negative with the sum < 0, and neutral otherwise). If no
feature can be identified from the document, it is labeled as
objective.

We use precision, recall and F-measure to measure the result
of sentiment classification, and count only three sentiment
categories (i.e., positive, negative and neutral). The results
on both domain are shown in Table 4. This evaluation shows
that the performance of different methods is quite consistent
with the quality of the sentiment clues they extracted. Our
method achieves the best F-measure on both domains.

4.3 Effect of Varying Corpora Sizes

We also conduct experiments to investigate the effect of cor-
pora size on the quality of extracted clues. We expect to get
higher quality results as more inter-clue relations are learned
from larger corpora. We evaluated all approaches over cor-
pora of sizes from 1,500 to 48,000. Because it is not practical
to manually label such large amount of tweets, we compare
results extracted from corpora of different sizes against the
same 1,500 tweets of gold dataset. To make the comparison
meaningful, we make sure that all corpora of different sizes
include the 1,500 tweets of gold dataset.

Figure 1 shows how precision, recall and F-measure change
as we increase the sizes of corpora for both domains. Note
that the computed precision may be worse than the true
quality obtainable using a larger corpus, since the small
gold standard includes only a limited number of sentiment
clues. To gain more insights into the results, we use both
precision-recall curve and F-measure to examine the relative
performance of different methods.

Figures 1a and 1b show our methods outperform the base-
lines. Specifically, COM-const tends to get the highest preci-
sion and COM-gelex tends to get the highest recall. Among
all the baselines, PROP works best for the movie data, es-
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Figure 1: Results of all approaches with various corpora sizes

pecially on the recall aspect, while MPQA provides the best
results for person domain. However, all baseline methods
suffer from sharp decline of precision with the increasing re-
call. By manually checking the results generated by these
methods, we find many irrelevant words that actually do not
indicate sentiment on their own with respect to the target.
Our approach can effectively filter these noises because we
estimate polarity probabilities from a global point of view
by constructing relation networks out of many tweets. Note
that both versions of our approach make increases on both
precision and recall when we increase the size of corpora
from 12,000 (the second right most point of each line) to
48,000 (the right most point of each line). It suggests that
our method could benefit from more relations extracted from
larger corpora.

Observing from Figures 1c and 1d, in both domains, we can
see that both COM-const and COM-gelex makes significant
improvement on F-measure over four baselines, and COM-
const provides best results. F-measures of our approach de-
cline a little as we increase the corpora sizes (<= 6,000).
However, the F-measure maintains at the same level or de-
crease very slightly until the size of corpus reaches 12000.
From size 12000 to 48000, the F-measure even goes up a lit-
tle. This can be explained in the same way as the changes
of precision and recall with increasing sizes of corpora.

Table 5 illustrates a small sample of extracted sentiment
clues by our method (with a corpus of 48000 tweets in movie
domain). Most of these clues are not identified by the base-
lines. For both positive and negative categories, we present

clues with their target specific polarities, e.g., “bomb” (pos-
itive), “predictable” (negative), etc. We also present clues
which appear as multi-word phrases: e.g., “must see” “thumbs
down”, etc. Finally, we show slang sentiment clues which
are quite popular in microblogs, e.g., “luv”, “stoopid”, etc.
These slang clues can be identified by our approach because
our subjective lexicon includes slang words from Urban Dic-
tionary. These concrete examples show that the proposed

method performs in an intuitively satisfactory manner.

S. CONCLUSION AND FUTURE WORK

In this paper, we present an approach for extracting senti-
ment clues with respect to a specified target from unlabeled
microblog corpus. Our approach addresses three shortcom-
ings of current approaches, (1) extraction of multi-word sen-
timent clues, (2) identification of slang expressions, and (3)
assessment of target-specific polarities of sentiment clues.
To be able to identify multi-word sentiment clues, n-grams
instead of only single words are extracted as candidate clues.
For dealing with slang expressions, Urban Dictionary is ex-
ploited to enrich our subjective lexicon with slang words.
Based on this lexicon, candidate clues including slang ex-
pressions are identified. To assess the target-specific po-
larities of clues, on-target candidate clues are identified us-
ing dependency analysis and proximity, and inter-clue rela-
tions from the corpus are incorporated in to an optimization
model to estimate the polarities of clues. Using a variety of
tweets from two popular domains we find that we are able to
extract single-word and multi-word sentiment clues, identify
both traditional and slang sentiment clues, and predict po-
larity with respect to the target. We also demonstrate how



Table 5: Sample Sentiment Clues Extracted by the Proposed Method

Positive Negative

Target-specific Phrase Slang Target-specific Phrase Slang
bomb must see aight average thumbs down stoopid
intense eye candy tight sleepy screwed up craptastic
kick ass rate 5 stars rad predictable nothing special rediculous
light-hearted funny as hell luv copying pretty lame wacky
pretty crazy pretty damn funny awsome | cheapest not even funny superbad
cried alot better than i expected kool little slow sucked big time dense
rules box office even better the second time rockin little long Don’t waste your money crapest

the proposed approach is superior to several baseline meth-
ods, in terms of both quality and scalability with respect to
the size of the corpora.

In this study, we employed simple heuristics including the
frequency and the length of candidates to identify sentiment

clues and filter noise.

This filtering may eliminate rarely

used or long sentiment clues. We are currently exploring
more sophisticated heuristics to identify high quality senti-
ment clues and reduce noise.
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